Introduction
Quantitative structure-activity relationship (QSAR) methodology is an essential tool in modern medicinal chemistry try to relate the biological activity of a series of chemicals to their physicochemical and structural properties, relying on the concept that similar structures can have similar properties and when the differences between compounds are high, the correlation of their properties with activities becomes hard, whereas the correlations between highly similar molecules are easier. 1 The applications of QSAR to molecular modeling and drug discovery has led to developed tools in computational chemistry field, and have been used to predict a large number of biological endpoints and shed light on the mechanism of action, whether it is toxicological or pharmacological.
This study carried out comparative -molecular field analysis (CoMFA) and comparative molecular similarity indices analysis (CoMSIA) to predict the activity of 24 aromatic halides compounds present cytotoxicity activities retrieved from literature, [2] [3] [4] and propose new competent drugs.
To study the stability of predicted compounds in serinethreonine kinase has an important role in repairing DNA damage and prevents cells from entering mitosis where DNA damage exists (ChK1 receptor) as inhibitor agents, 5 a surflex-docking was performed. Also we calculated total scoring (energy affinity) and defined the stable conformation of the ligands and its interactions in the receptor pocket (PDB entry code: 6FC8). Moreover we performed an in silico study concerning the absorption, distribution, metabolism, excretion and toxicity (ADMET), which has created a unique interdisciplinary interface between medicinal chemist and clinicians. These crucial proprieties are usually used to finalize clinical success of a drug candidate, because it has been estimated that 50% of drugs fail as results of poor bioavailability.
For a molecule crossing a membrane through passive diffusion, reasonable permeability can be made using molecular properties, such as lipophilicity or hydrogen bonding. For many drugs, this first requires metabolism or biotransformation, takes place in the gut 9, 10 Minimization and alignment All structures are sketched with SYBYL and optimized with Tripos force field, 11 Gasteiger Huckel charges and with gradient convergence criteria 0.01 kcal/mol. 12 The annealing simulation of structures is performed with 20 cycles. All molecules are aligned with common core, using simple alignment method, 13 while active compound 24 is used as template. The superimposed structures are shown in Figure 1 .
3D QSAR
Electrostatic, hydrophobic and steric fields contributions are explored to understand predicted activities, relying on CoMFA, CoMSIA studies and molecular alignment strategy, as previously described in literature.
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CoMSIA and CoMFA
Relying on molecular alignment, CoMFA and CoMSIA approaches are applied to determine and analyze electrostatic, hydrophobic, and steric effects. Moreover, steric and electrostatic interaction fields are calculated at each intersection point of a regularly spaced grid of 2 Å, and default value of 30 kcal/mol is set as a maximum electrostatic and steric energy cutoff. 15 Regression analysis used is the cross validation PLS method. 16 The minimum column filtering is set to 2.0 kcal/mol, and the final non cross validated model is developed by optimal number of components with the highest Q 2 value and the smallest value of standard error predictions. Moreover, the external , also with small standard error of estimate (SEE) value. The physicochemical properties for CoMSIA model have been adopted to avoid singularities at the atomic positions and dramatic changes of potential energy for grids being in the proximity of the surface. With the standard parameters and no arbitrary cutoff limits, five fields associated to five physicochemical properties were calculated.
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PLS analysis
PLS method is a popular method used in deriving 3D-QSAR models, 18 it is an extension of multiple regression analysis. In this rapport PLS method with leaveone-out (LOO) cross-validation is used to determine the optimal numbers of components relying on cross validation coefficient Q 2 . Moreover, an external validation is performed using a test set of five molecules. The final analysis is carried out to get correlation coefficient R 2 and Q 2 values, while Q 2 determines the internal predictive ability of the model, and R 2 value evaluates the internal consistency of the model. 19 Thus, the best QSAR model is chosen relying on a combination of Q 2 and R 2 .
Y-Randomization test
The obtained models are validated by the Y-Randomization method. 20 Y vector (-Log LC 50 ) is randomly shuffled for many times and after every iteration. This technique is carried out to eliminate the possibility of the chance correlation, if obtained values of the Q 2 and R 2 are high, it means that 3D-QSAR model cannot be generated for this dataset because of structural redundancy and chance correlation.
Molecular docking
Surflex-Dock module is used for molecular docking. The crystal structures of ChK1 kinase domain is downloaded from Protein Data Bank (PDB ID: 2FC8). 21 All water_ molecules in 2FC8 are deleted and the polar hydrogen atoms added. Protomol, is a computational representation of ligand that makes every potential interaction with binding site, applied to make molecular docking and predict the binding modes. All protomols can be established by three ways: (1) automatic: Surflex-Dock figure out the largest cavity in the protein; (2) ligand-based: ligand in the same coordinate space as the receptor; (3) residues based: this type specifying residues in protein, 22, 23 all ligands are docked in the pockets for further analysis.
An automatic docking is applied; the 2FC8 structure was utilized in the subsequent docking experiments without energy minimization with other parameters established by default in the software. Total scores are expressed in -log10(K d ) units to present binding affinities. Then, Molecular Computer Aided Design program is employed to visualize binding modes and exhibits the surfaces of cavities. [24] [25] [26] Moreover, Surflex-Dock scores, that represent binding energies, are used to determine ligandreceptor interactions of new predicted compounds. Each optimized conformation of every compound in the data set is energetically minimized using Tripos force field and Powell conjugated gradient algorithm with a convergence criterion of 0.05 kcal/mol and Gasteiger-Huckel charges.
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In silico ADMET study Drug discovery is a very complex and cost endeavor, divided into a series of stages including disease selection, target identification, lead or hit discovery, lead optimization, pre-clinical and clinical trials. 27 In the past decade, many drug candidates have failed in late development stages. About 50% of drug failures can be attributed to unacceptable ADMET properties. This means that optimizing ADMET properties in early stage of drug discovery are widely used to reduce the high attrition rate. In recent years, a variety of medium to highthroughput in vitro ADMET screening methods have been developed. However, experimental evaluation of ADMET is still costly and time consuming. And still cannot meet the demands of drug screening and lead optimization. As the development of computer science and technology, in silico methods have been successfully applied to ADMET prediction.
In this review we focused on the development of ADMET prediction models for the excellent proposed compound.
Discussion and Results
CoMFA results
Results of Table 3 CoMSIA results 3D-QSAR model was proposed based on CoMSIA descriptor to explain and predict quantitatively the hydrophobic, electrostatic, steric, donor and acceptor fields effects of substituents on anti-bacterial activity of 24 compounds. Different combinations of five fields were generated. The best proposed model of contains four fields (steric, electrostatic, hydrophobic, and acceptor), the correlation of cross-validated coefficient Q 2 value of the training set and non-cross-validated correlation coefficient R 2 of this model are 0.68 and 0.85, respectively. The optimal numbers of principal components used to generate the CoMSIA model are three which is reasonable, the standard error was 0.33.
Finally, the prediction ability of the predicted model is confirmed by using an external validation (r 2 ext value) that gave 0.96. These statistical results indicate good stability and the powerful predictive ability (Figure 2) . Furthermore, the graphs showing the experimental and predicted pLC 50 values for the total set used in the CoMFA and CoMSIA methods are described in Figure 3 . The good linear relationships illustrated that the bioactivities predicted by the derived models are in agreement with the experimental data (see Figure 2) , indicating that these models had satisfactory predictive capacity.
Graphical interpretation of CoMFA and CoMSIA results
The contour maps of CoMSIA and CoMFA are generated to determine regions in 3D space around molecules where changes in each field are predicted either it can increase or decrease the activity. The steric and electrostatic contour maps of CoMFA are shown in Figure 3 . While electrostatic, Steric, hydrogen bond acceptor and hydrophobic contour compounds 6 and 9 with bulky and electron withdrawing around yellow and blue contour maps (R 3 = CH 2 ClCO) present low activities.
CoMSIA contour map
The CoMSIA steric and electrostatic field contour maps indicate that bulky groups with electron withdrawing character are only favored at R 3 position, the blue and yellow contours at R 1 and R 2 positions indicate that small groups with electron donating character are favored (see Figure 4 ). This is similar to CoMFA contour maps results.
The red contour around nitrogen and carbonyl groups indicates that groups with hydrogen bond donor character could increase the activity, while the purple contour at R 3 position indicates that only groups with hydrogen bond acceptor character can increase the activity. Therefore, the hug yellow contour around the molecule shows the hydrophobic character of the active compound.
These results indicate that only hydrophobic compounds with bulky electron withdrawing groups at R 3 position can increase the activity.
Y-Randomization
The Y-Randomization method is carried out to validate CoMFA and CoMSIA models. Several random shuffles of the dependent variable were performed; after every shuffle, a 3D-QSAR was developed and the obtained results are shown in Table 4 . The low Q 2 and r 2 values indicate that the good result in our original CoMFA and CoMSIA models are not due to chance correlation.
Design for new molecules with anti-obesity activity
Relying on CoMFA and CoMSIA models, new molecules have been designed to enhance the activity (Table 5 ). These compounds were aligned to database using compound 24 maps of CoMSIA are shown in Figure 4 . Compound 4 and 24 are used as reference structures. All the contours represented default 80% and 20% level contributions for favored and disfavored regions, respectively.
CoMFA contour maps
Electrostatic interactions in comparative molecular field analysis method are represented by red and blue contours while steric interactions are presented by green and yellow contours. Bulky substituents are favored in green regions, while at yellow regions, they are unfavored. Bleu regions indicate that positive charges are favored. Figure 3 shows green and red contours around chlorine of quinoline compound (the active molecule), indicate that bulky groups with electron withdrawing character can increase the activity, the yellow and blue contours around dimethyl carbonyl of benzene compound (the inactive molecule), indicate that small groups with electron donating character are favored.
These results can explain why the compounds 22 and 24 with bulky and electron withdrawing groups around green and red contour maps present high activities, while as a template.
The newly predicted structure A1 showed higher activity (pLC 50 = 3.28 and 3.37 for CoMFA and CoMSIA models respectively) than compound 24 (the most active compound of the series pLC 50 = 2.6).
Compounds with bulky electron withdrawing hydrophobic groups present high predicted activities, which means that the predicted compounds can be more effective that the compounds of the database.
To determine the stability and the interactions of these predicted molecules with the receptor, we applied surflexdocking.
Docking results
Molecular docking protocols are widely using to investigate the binding modes between the ligand derivatives and the receptor, which help understanding the 3D-QSAR study revealed by CoMFA/CoMSIA models. The target ligand taken from the crystal structure is redocked into the active site to validate the accuracy of molecular docking, the root mean square deviation (RMSD) value is 1.2 Å. Figure 5 shows the different top 10 positions of molecule 24 in the protein pocket, which present a stable conformation compared to compound 6 with scoring 3.7 and 1.2 respectively.
Subsequently, the most active compound 24 was docked into the ligand-binding pocket of Chk1 protein (code PDB: 6FC8), as described in Figure 6 the docking results shows alkyl and pi-alkyl bonds with VAL23;VAL68; LEU84; LEU137; LEU15; ALA36 residues. The oxygen and nitrogen atoms present Van der Waals interaction with TYR86 residue, the nitrogen atom also form hydrogenbond with CYS87 residue. These interactions can explain the stability of compound 24 in ChK1 protein pocket.
Based on CoMFA/CoMSIA contour maps the hydrophobicity of compounds could increase the activity. Figure 7 shows that compound A1 (proposed compound with hydrophobic character) present Alkyl and pi-Alkyl bonds with LEU15; LEU137; ALA36; TYR86. In addition CYS87 residue presents halogen interaction with chlorine group, Van der Waals interaction between oxygen atom and VAL23 residue. The group amine -NH2 provided a hydrogen bond with SER147 residue and electrostatic interaction with ASP148 residue, which indicate that electro-withdrawing groups with hydrophobic character increase the stability of compound in the active protein pocket. Moreover, the results obtained by the docking had been compared with the OSAR results to verify mutually. These interactions match well with the results of H-bond acceptor/electrostatic contour maps.
Drug-likeness or druggability
According to 'Lipinski's rule of five' , the lead compounds with poor absorption are known when there are more than 5 HBD, 10 HBA, the molecular weight higher than 500 Da and the calculated LogP (CLogP) is greater than 5. 28 Moreover, an excellent bioavailability is likely for molecules with total polar surface area (TPSA) of ≤140 Å and rotatable bonds ≤10 (nrotb). 29 In this study; in silico evaluation of new proposed Chk1 inhibitors drugs shows good oral bioavailability. The calculated LogP values, the number of hydrogen bond acceptors (HBA) and hydrogen bond donors (HBD) agreed with Lipinski's rule of five. Furthermore, TPSA, total hydrogen bond count and the number of rotatable bonds felt within the limit ranges (see Table 6 ). Drug molecules of molecular weight less than 500 Da are easily transported, diffuse and absorbed as compared to heavy molecules. 30 Which indicate that the proposed molecules present good bioavailability. Moreover, ADMET method applied to determine their properties and therapeutic benefit because Lack of efficacy and unacceptable toxicity of the new drug are mainly associated with failures of drug discovery.
ADME and toxicity results
During the drug discovery effort many drugs are miscarried due to blood brain permeation failure, toxicity and poor efficacy. The purpose of preclinical ADMET is to eliminate weak candidates. This allows drug-development resources to be focused on fewer but more-likely-tosucceed drug candidates. In this review will be treated the applicability of QSAR methods for the prediction of the ADMET profile of the new lead compounds as chk1 inhibitors anti-cancer agents. Therefore virtual properties were investigated, Absorption, distribution, metabolism, excretion, and toxicity (ADMET), which are key players in drug development. The pharmacokinetic (ADMET) properties of the studied leads were calculated using admetSAR and pKCSM predictors. Blood-brain barrier (BBB) penetration, HIA, Caco -2 cell permeability and Ames test are used to refine the drug likeness properties.
The main interfaces separating the central nervous system (CNS) and the blood circulation are known as the BBB and the blood-cerebrospinal fluid barrier. BBB permeation is an important property for medicinal chemistry since it determines which drugs can or cannot pass the BBB and thereby exert its effect on the brain. 31 For a given compound logBB<-1 considered poorly distributed to the brain. Therefore, BBB permeability results in Table  7 show non-penetrating (BBB _ ) for compounds A1 and A2 as new chk1 inhibitors drugs.
It was also found that all tested compounds could be absorbed by the human intestine, but they cannot penetrate to Caco -2 (see Table 7 ). Nevertheless, the tested compounds proved to be potential substrates for P-glycoprotein (P-gp) which effluxes drugs and various compounds to undergo further metabolism and clearance resulting in therapeutic failure because the drug concentration would be lower than expected. 32 Inhibition of OCTs and OATs can affect drug-drug interactions in cases where a drug that is cleared by a particular renal transporter is coadministered with another drug which inhibits the same transporter. The result can reduce renal clearance, and that is not the case of these new proposed drugs.
The inhibition of cytochrome P450 may cause drugdrug interactions in which coadministered drugs fail to be metabolized and accumulate to toxic levels. 33 Notwithstanding, some of the cytochrome P450 isoforms might be inhibited by one or more of the predicted compounds. Fortunately, the new Checkpoint kinases inhibitors did not show any acute toxicity or mutagenic effect, respecting Ames test data.
Conclusion
Several aromatic halides analogs were identified as potentially effective oral Chk1 inhibitors through a 
